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Abstract— In this work, we applied an Artificial Neural 

Networks (ANN) approach for prediction of the part surface 

roughness for 3D printing technology. A small number of 

neurons was used for building ANN model with the help of 

MATLAB environment. The predicted values are found to 

be in excellent agreement with the experimental data with 

average error value of     In addition, we compared the 

proposed ANN model to another regression-based 

approach. Results show that the proposed model has high 

accuracy in comparison to statistical approach. Therefore, 

we can use ANN model to predict the part surface 

roughness for 3D printing technology. 
 
Index Terms: 3D printing ,Surface roughness ,Artificial 

neural network , The Back propagation network , the Multi-

regression model. 

I. INTRODUCTION 

rom the last decade, additive manufacturing (AM) 

has been evolving rapidly and has displayed a great 

potential for energy-saving and cleaner environmental 

production due to a reduction in material and resource 

consumption and other tooling requirements [1]. In this 

modern era, with the advancements in manufacturing 

technologies, academia and industry have been given 

more attention to smart manufacturing for taking benefits 

for making their production more sustainable and 

effective   [1]. 

   Among various manufacturing technologies, 3D 

printing technologies, or its  other synonyms such as 

additive manufacturing (AM), solid free form (SFF) or  

Rapid Prototyping (RP), is a process of joining the 

material technique used to  create an object/part from 

three-dimensional (3D) digital model data, usually  layer-

by-layer (layer manufacturing), without tools, die casting, 

fixtures or  even human intervention [2], which was first 

described in 1986 by Charles  Hull, and then 

commercialized in 1990 as RP technology [3]. 

    This technology creates parts by adding engineering 

materials rather than removing materials in order to 

reduce wastage while reaching a good surface finish 

quality of an item, with a reduction in the cost of 

production due to a lack of manufacturing tools, and has 

grown substantially in both volume and scope [4]. As 

mentioned above, there are a number of additive 

manufacturing (3D printing) techniques. The most 

frequent used is the FDM, in which the 3D printer 

machine heats the solid plastic filament, melts, and 

extrudes, it builds layer-by-layer to form the final 

product. The thickness of layers can vary between 0.1 to 

0.5 mm, depending on the 3D printer setting. The most 

common 3D printer materials used in the FDM are 

Polylactic Acid (PLA) and Acrylonitrile-Butadiene-

Styrene (ABS). Although both materials are used for 

FDM, they have key differences that make each more 

optimal for different applications [5]. 

    Surface finish quality is crucial not only for improved 

functionality and appearance but also for cost-

effectiveness and overall prototyping time reduction. As 

the AM process is performed using a layered 

manufacturing technique, one of the most important 

disadvantages of this process that the surface roughness 

of the printed part is excessively rough, especially when 

compared to other processes. The poor surface finish 

qualities observed in end products of the AM process has 

mainly been due to the layer upon layer deposition of the 

building process and is also influenced by tessellation of 

the original CAD model. A precise characterization of 

surface roughness is of prime importance in many 

engineering industries [4].  

   For this reason, the surface roughness (Ra), is a key 

issue in AM. To ensure better surface integrity, attention 

must be given to the selection of the manufacturing 

process parameters and measuring direction. Moreover, 

warping is one of the most common problems in AM due 

to material shrinkage which causes the corners of an 

object to lift and eventually detach from the build plate 

       In the age of global competitiveness, it is very 

important to optimize the machining parameters that can 

reduce machining cost and time and increase productivity 

to obtain desired product quality. Effective machining 

parameter's optimization demands appropriate models for 

prediction of surface roughness in machining [8]. 

   A number of previous works have focused on the use of 

classification techniques in additive manufacturing 

processes. Wu et al. [9] applied random forest, k-nearest 

neighbor, and anomaly detection techniques to detect 

F 
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defects caused by a cyber-attack on a Fused Deposition 

Modeling (FDM), 3D Printing printer during part 

fabrication. 

   Galantucci et al. [10] studied the effects of various 

machining parameters on the surface roughness of 3D 

printed parts. A set of experiments was conducted to 

study the effects of layer thickness and raster width on 

surface roughness.  Boschetto et al. [11] developed a 

predictive modeling approach to estimating the surface 

roughness of parts built by Fused Filament Fabrication 

(FFF). The predictive modeling approach was 

demonstrated on a set of experiments.  Boschetto and 

Bottini [12] developed a model that can estimate the 

surface roughness of the parts built by FFF and barrel 

finishing operations. The analytical model was validated 

using a set of experimental datasets. Reeves and Cobb 

[13] developed an analytical model of the surface 

roughness of the parts built by the stereo lithography 

process. The effects of layer thickness, surface angle, 

layer profile angle, up-facing layer composition, and 

down facing layer composition on surface roughness was 

studied. 

   Galantucci et al. [14] investigated the influence of 

various FDM machining parameters on acrylonitrile 

butadiene styrene (ABS) prototypes surface finish. A 

number of experimental works was conducted to study 

the influence of layer thickness and raster width on 

surface roughness. 

   Lyu et al. [15] tried to develop predictive models for 

surface roughness in the fused deposition modeling 

process taking into consideration layer thickness, 

temperature of extruder, and infill density. A regression-

based, ANN, and Support Vector Machine - Regression 

(SVR) models were used to achieve their results. Their 

proposed models were used to characterize the 

relationship between the input variables and the surface 

roughness of fabricated parts. The results show that their 

approach using ANN model performed better than the 

multivariate linear regression and SVR models. 

   As stated in the literature, it is very important to predict 

and control the surface roughness of additively 

manufactured parts [6]. Many factors such as layer 

thickness, print orientation and print speed affect surface 

roughness.  In this context, in order to improve the 

surface integrity of additively manufactured parts, a data-

driven predictive modeling approach to predicting surface 

roughness in AM could be implemented.   

   The goal of this paper is to make the artificial neural 

network readily applicable to predict and control FDM 

parts surface roughness with minimal effort. Data needed 

for development of the models are obtained from the 

literature. In this work, the dataset from [19] will be used 

for building two surface roughness prediction models: a 

regression-based model and ANN model. Comparisons of 

the predicted surface roughness with that using AI 

techniques have been made in this paper. This paper is 

organized as follows: in the next section, i.e. Section 2, 

the theoretical background of ANN is described Section 3 

shows the data we use for our investigations. In Section 

3.2, we test and validate the proposed models in Section 

3.1. Finally, conclusions and further research aspects are 

discussed in Section 4. 

 

 

 

 

II. ARTIFICIAL NEURAL NETWORK 

   Neural networks generally consist of neural units linked 

together by connections (as shown in Figure 1). These 

connections have an adjustable weight as a result of the 

training process, and each module is integrated into the 

model independently due to the information provided by 

the connection points. Linear or non-linear functions are 

used where the concepts of linear algebra are used to 

activate them. A great similarity can be observed between 

neural models and the general linear model developed by 

statisticians. For nonlinear neural networks, their 

behavior is determined by optimization and 

approximation techniques, including: hopfield network, 

boltzmann machine, backpropagation network, and radial 

basis function network [16]. 

 

 

Figure 1.   A Neural network. 

 

A.           The Backpropagation network (BP)  

   The back-propagation method of Rumelhart, hinton, 

and Williams (1986a) is a method of training multi-layer 

neural networks where the network can learn to assign a 

set of inputs to a set of outputs, so that the learning is 

done by recursively adjusting the weights of the neural 

points in the network. 

   In the beginning, small random weights are given to 

give results that are compared with the target, and when 

there is an error, it is backwards through the network to 

adjust the new weight, and the process is repeated in the 

same way until we reach the required accuracy in the 

results       Figure 2 shows the structure of this model. 

   This method is one of the most popular neural network 

algorithms. Rojas [2005] claimed that this algorithm can 

be divided into four main steps after choosing the initial 

weights randomly so that the algorithm corrects these 

weights until it reaches the desired goal. These steps are 

as follows: 

i) Feed-forward computation 

ii) Back propagation to the output layer 

iii) Back propagation to the hidden layer 
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iv) Weight updates 

   The algorithm stops when the error function value 

becomes small enough       

 

Figure  .    The Back propagation network (BP) 

 

III.  RESULTS AND DISCUSSION 
 

   In this paper, two methods were used to predict the 

surface roughness, the first method was the regression-

based  analysis method, and the second method was the 

Artificial Neural network (ANN) method. The simulation 

experiments were conducted using Matlab environment. 

For fair comparison, the same dataset was used in 

comparison. In order to optimize the proposed models; 

Nozzle temperature ( C    layer height  (μm), printing 

speed (mm/s), Nozzle diameter  (mm), and Infill density 

(%) are considered as input variables, and the surface 

roughness (μm) is considered as the output (see  Table  ). 

   The available data set in Table   is divided into two 

parts; 70% of the data was used as a training dataset, and 

30% was used to verify the validity of the models. 

 
Table 1. The symbols used in the tables 

Parameter Definition Unit 

NT Nozzle temperature C  

LH layer height μm 

PS Printing speed mm/s 

ND Nozzle diameter mm 

ID Infill density % 

RA Roughness μm 

 
Table 2. Experimental results [19]. 

No NT LH PS ND ID RA 

                         

                         

                       

                         

                        

                          

                         

                         

                        

                          

                           

                           

                          

                           

                          

                         

                           

                        

                          

                        

                        

                           

                           

                           

                          

                          

                          

                          

                          

                           

 

A. Development of the Multi-regression model  

   Linear regression is the simplest technique to correlate 

inputs with resulting surface roughness. A Least Squares 

(LS) approach can be used to obtain the coefficients that 

determine the relationship between inputs and output 

without using any physical equation. Although this 

method can provide reasonable results for some 

scenarios, the surface roughness usually changes with 

variation in the printing process, which introduces an 

error into the model. For establishing the prediction 

model, a software package EXCEL 2016 was used to 

perform the model with the obtained results. The 

coefficients of the equation required for the prediction 

model were illustrated in Table   

 
Table 3. The coefficients of the equation 

Parameter Coefficients 

Intercept -        

Nozzle temperature         

layer height         

Printing Speed -        

Nozzle Diameter          

infill density -         

 

Regression equation is as follow: 

                                 
                                                     (   

 

   After the model was built, it will be validated against 

experimental results in the next section. However, the 

same data are used to transform the outputs into the ANN 

model to search whether or not any improvement can be 

achieved with this new approach. 
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B. Development of the ANN model 

    In order to assess the ability of the regression-based 

model relative to that of a neural network model, an ANN 

model was constructed using the same input variables to 

the regression-based with 6 inputs. For the proposed 

neural network modeling approach, the datasets were also 

divided into the similar two groups of sets for training, 

and testing. It is worth noting that the range of the 

training data must be representative of the entire 

operating conditions of the 3D printer in order to 

overcome the problem of extrapolation error. 

    Selection of the number of neurons in the hidden layer 

is important for finding a suitable ANN model structure. 

Although increasing the neuron numbers in the hidden 

layer, may help to improve the neural network 

performance , however, the possibility of over-fitting 

may increase. Furthermore, a large number of hidden 

neurons can increase model training time. In this work, 

the minimum MSE (see Figure 3) is determined by 

changing the number of hidden neurons. Therefore, after 

a series of experiments to find the best architecture, an 

ANN model with 3 neurons in the hidden layer and after 

300 iterations was constructed to predict the surface 

roughness. Figure 4 shows the structure of associated 

network model. 

 

 

                                  Figure 3.    The training performance 

 

 

 

Figure 4.     The structure of the associated network model. 

 

C. Validation of the proposed models 

    In this section, the aim is to use the structure of the two 

models described in the previous sections to predict the 

surface roughness. With the purpose of evaluating the 

prediction performance of the models, the remaining data 

set (testing data set) was used to run the proposed 

models. The performance of the models used in this study 

was computed using percentage error Ei and average 

percentage error Eav defined in equations (2) and (3), 

respectively, as follows: 

 

    
|           |

     
                  

     
 

 
∑   

 
                                  

Where Raexp and Rapre stands for experimental values and 

predicted values, respectively; m is the sample number to 

be predicted. 

Also, the correlation coefficient R was used to evaluate 

the performance of these models, as it gives basic 

information about the relationship between the variables. 

Here, the correlation coefficient between each of the 

measured value and the predicted value of the surface 

roughness was calculated to determine the extent of 

convergence of the results, and to calculate R the 

following equation (4) is used: 

 

  
  ∑             ∑        ∑      

   ∑        ∑          ∑        ∑         
             

 

   Where Raexp and Rapre stands for experimental values 

and predicted values, respectively; m is the sample 

number to be predicted. Predictive results using 

regression-based, and ANN models are shown in Table 4. 

The performance of each of the two surface roughness 

models is presented and compared, where the two models 

are trained using the same training dataset and validated 

by the same testing dataset. 
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According to the predictive results and evaluation criteria 

values in Table IV, it is very clear that the ANN model 

has a smaller average error (8%), and higher correlation 

coefficient (R=96%) contrasting with the regression-

based model. It can be also observed from Table ‎IV that 

the model developed using the artificial intelligence 

techniques outperformed the statistical model 

(regression-based model). Therefore, the ANN model is a 

good modeling choice for predicting the surface 

roughness of the 3D printer with the benefit of fewer 

parameters. 

 
Table 4. Comparison of predictive results 

Test 

No. 

Ra Results of the proposed models 

Measured 

Regression-based ANN 

Predicted Error(%) Predicted Error(%) 

                                   

                                  

                                 

                                   

                                    

                                

                                   

                                

                                  

                                    

                                   

                                   

                                   

Average percentage error Eav            

The correlation coefficient  R            

 

IV. CONCLUSIONS 

    In this work, an artificial neural network system for the 

modelling and prediction of the part surface roughness 

for 3D printing technology is presented. The comparison 

between experimental and predicted values of the 

proposed ANN model shows that there is an excellent 

agreement between the predicted surface roughness and 

the experimental results with average error values of 8% 

and correlation coefficient of 96%. This means that the 

proposed model can simulate the part surface roughness 

for 3D printing process with excellent level of accuracy 

and lower neurons. The results obtained with the 

proposed ANN model is also superior to regression-based 

model. 
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